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Abstract

Introduction: Sociodemographic, lifestyle, environmental, and neighborhood exposures are associated with Diabetes Mellitus type 2
(DM-2). Yet, studies that include exposures from all these domains remain limited. In this study, the association between a wide
range of exposures across these domains and DM-2 incidence was investigated, stratified by sex.

Methods: Data from the 2012 Dutch national health survey was used (N = 237 644), enriched with exposure data from multiple sour-
ces. In total, 57 sociodemographic, lifestyle, environmental and neighborhood exposures were included. Incidence of DM-2 was
based on medication prescription from 2013 to 2022. The most important exposures for DM-2 were identified using Random Forest.
Subsequently, the associations between the selected exposures and DM-2 incidence were assessed via a Cox regression, stratified
by sex.

Results: In total, 5328 men and 4298 women developed DM-2 between 2013 and 2022. BMI, age and sex were identified as the most
important predictors. The top 15-ranked exposures were included in the Cox regression models. BMI, age and lifestyle exposures (eg,
alcohol consumption, physical activity and smoking) were associated with DM-2 in both men and women. Only in men, neighbor-
hood exposures such as property value were associated with DM-2, while education was associated with DM-2 only in women. No
associations were found for environmental exposures.

Conclusions: These results substantiate that sociodemographic and lifestyle exposures are important targets for DM-2 prevention
and outperform neighborhood and environmental exposures. We observed sex-specific associations, highlighting the importance of
using a sex-stratified approach in future research and clinical practice.

Key words: exposome approach; observational study; longitudinal; sex stratification; type 2 diabetes incidence.

All these exposures, eg, biological, lifestyle and environmental, are
likely to interact with each other. Nevertheless, past studies often
lacked at least one of these domains. Therefore, there is a need to
examine the risk factors of DM-2 from a multi-domain exposure
perspective.

A concept that takes into account this broad perspective,
called the exposome, was proposed by Christopher Wild in
2005.'" The exposome considers three categories of exposures:

Introduction

Diabetes Mellitus (DM) has become a major global health concern.
The number of individuals suffering from DM is expected to in-
crease to 630 million people in 2045, largely due to the obesity-
related increase in diabetes mellitus type 2 (DM-2).>* Obesity and
lack of physical activity are the most widely recognized exposures
that increase the risk of DM-2.>° Recently, the influence of envi-

ronmental exposures on DM-2 has received increasing attention.
In past studies, associations between environmental exposures
(eg, air pollution) DM-2 were studied.” *° Higher levels of air pollu-
tion and residential noise were found to be associated with an
increased risk of DM-2, while higher neighborhood walkability
and green space were associated with decreased risk of DM-2.

the internal, specific external and general external exposures.
The internal exposures comprises the biological processes in the
body, such as metabolic factors and circulating hormones. The
specific external exposures comprises the individual-specific
exposures such as lifestyle factors, medication use and occupa-
tion. The general external exposures comprises broader social
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and environmental exposures related to the individual’s residen-
tial context, such as population density, level of air pollution,
and the amount of greenness.'* From an analytical perspective,
the exposome presents challenges; linear regression models are
less suitable to take into account large numbers of exposures be-
cause that would overfit the model.’> Combinations of conven-
tional statistical methods like linear regression and machine
learning methods could thus help to accurately capture these
complex associations.

In addition, the effects of risk factors of DM-2 differ between
men and women. For example, men tend to develop DM-2 at a
lower body mass index (BMI) than women.® The differences in
effects of risk factors between sexes might be primarily of a bio-
logical nature, including alterations in body composition associ-
ated with pregnancy and menopause in women.'? Consequently,
stratifying analyses by sex is essential to accurately assess the
impact of risk factors on DM-2.

Studies that include a wide range of mutually adjusted
exposures and investigate their association with DM-2 stratified
by sex is limited. Therefore, this study applied an exposome
approach by including a wide variety of exposures from the soci-
odemographic, lifestyle, environmental, and neighborhood do-
main and assessed their association with DM-2 incidence over a
10-year period in over 235 000 Dutch adults stratified by sex. We
first selected the most important predictors for DM-2 via
Random Forest. Subsequently, this subset was used to assess
their association with DM-2 incidence in a Cox regression.

Methods
Study design

We used data from the Public Health Monitor (PHM) 2012, which
is a 4-yearly cross-sectional national health survey in the
Netherlands (Public Health Monitor Adults and Elderly of
the Community Health Services, Statistics Netherlands and the
National Institute for Public Health and the Environment, 2012,
Gezondheidsmonitor Volwassenen en Ouderen 2012, GGD’en, CBS en
RIVM). The survey is conducted by the regional Public Health
Services (GGD), Statistics Netherlands (CBS) and the National
Institute for Public Health and the Environment (RIVM). This sur-
vey collects information on personal and lifestyle factors, socio-
economic and health status (eg, physical, mental, and general)
from the Dutch population. The PHM 2012 comprises a total of
376 384 individuals aged >19 years, with oversampling of individ-
uals aged 65years and older. All subjects gave consent for use of
their data by Statistics Netherlands and RIVM. This study was
conducted in accordance with the Declaration of Helsinki.

We excluded participants without a (linked) address (n=38),
with DM-2 at baseline (n = 36 432, see below “Type 2 Diabetes
Mellitus (DM-2)”), who died in 2012 (shortly after filling in the
questionnaire, n = 557) or had missing data on any of the expo-
sures (n = 101 713, most missing data in questionnaire-based
exposures). After these exclusions, 237 644 participants were in-
cluded in this study.

Type 2 diabetes mellitus (DM-2)

To determine prevalent DM-2 cases, we used the combination of
the answer on the self-reported questions “Do you have dia-
betes?” and “In the last 12 months, have you been treated for dia-
betes by a general practitioner or a specialist?” and information
about diabetes medication prescriptions in 2011-2012.
Medication prescription included diabetes medication with ATC
codes A10A “Insulins and analogues” and A10B “Blood glucose
lowering drugs, exclusive insulins”. We could not distinguish be-
tween type 1 or 2 diabetes, but because of the age range of our

study population (18+), we assumed that the large majority of in-
cident cases suffered from DM-2."* We had no missing informa-
tion on DM-2 because diabetes medication prescription is based
on an external database maintained by Health Care Netherlands
(Zorginstituut Nederland) and encompasses all medications cov-
ered by national obligatory basic health insurance for all resi-
dents of the Netherlands. Participants who answered “yes” to the
self-reported questions and/or had prescribed diabetes medica-
tion in 2011 or 2012 were considered as prevalent cases (n =
36 432) and were excluded. We used medication prescription
from 2013 to 2022 for assessing DM-2 incidence. No information
about the date or dosage of prescriptions was available.

Exposures

We included a wide range of exposures which we divided into
sociodemographic and lifestyle, environmental and neighbor-
hood exposures (see Appendix 1 and Appendix 2). In general,
sociodemographic and lifestyle exposures were assessed through
self-report, enriched with data on standardized household in-
come and country of origin provided by Statistics Netherlands.
Data on environmental and neighborhood exposures were
obtained from multiple sources; For neighborhood exposures
data from the Dutch public health services and Statistics
Netherlands was used. For the environmental exposures data
from RIVM (air pollution, urban green spaces, noise levels) and
the Geoscience and Health Cohort Consortium (obesogenic envi-
ronment)*>*® were used. The specific neighborhood and environ-
mental exposures and their source can be found in Appendix 1.
Neighborhood and environmental variables were linked to partic-
ipants based on residential address.

Statistical analysis

First, Random Forest (RF) was used to identify the most impor-
tant predictors of DM-2 among the different exposures. RF is a
non-parametric ensemble learning method that uses a large
number of decision trees'” and was chosen for variable selection
due to its ability to detect non-linear relationships and interac-
tions, and provides robust variable importance measures even in
the presence of multicollinearity. Alternative methods such as
LASSO or stepwise regression were considered, but they have
limitations in capturing complex patterns in large, high-
dimensional epidemiological data. Furthermore, a variable im-
portance procedure was applied for identification of individual
variables that contribute the most to the model predictions.
Because RF lacks the ability to model time-to-event data, individ-
uals who were prescribed diabetes medication between 2013 and
2022 were classified as cases (independent of timing), while those
who were not were classified as non-cases.

Secondly, Cox regression was used as it allows for modeling
time-to-event data and this method provides hazard ratios as in-
terpretable effect estimates. The most important predictors were
selected from the RF to be included in the Cox regression models.
In the Cox regression models, yearly DM-2 medication prescrip-
tion was used as outcome. The Cox regression models were used
to study the association of the selected exposures by RF and
DM-2 incidence over 10-year period stratified by sex. All analyses
were performed in R version 4.4.3.

Identifying the most important predictors

Data pre-processing

DM-2 incidence was redefined as follows for the RF models: partic-
ipants were classified as a DM-2 case if they were prescribed DM-2
medication between 2013 and 2022 (n=9626). Additionally,
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follow-up duration (in years) was included as variable in the RF to
account for the temporal aspect. Inclusion of highly correlated
exposures could possibly influence the outcome and results of the
Variable Importance (VI) ranking.'® If the Spearman correlation
was greater than 0.9 or less than —0.9, we removed the variable
that was least likely to be an important risk factor for DM-2 based
on our review of scientific literature. We included PM2.5 (leaving
out PM10), average income of employed residents in the neighbor-
hood (leaving out percentage of individuals with high income in
the neighborhood) and NO, (leaving out elemental carbon (EC)).
We included both the number of alcohol glasses per week and cig-
arettes per day, as well as the alcohol use and smoking status,
since the amount and status variables can provide complementary
information. Random Forest can distinguish and utilize this addi-
tional information. There was a skewed class distribution in the
outcome variable of the model, because only 4.9% of all men and
3.3% of all women were DM-2 cases. We addressed this imbalance
by using an undersampling approach, were we undersampled
non-DM-2 cases. This method was done because undersampling is
less prone to overfit the model compared to oversampling and we
still had a sufficient number of observations to perform our RF
models.'® A random balanced dataset was constructed such that
all DM-2 cases were included, and three times as many non-cases
were randomly selected (ratio 1:3). Exact matching was not per-
formed because the primary aim of performing the Random Forest
was to select a subset of variables most important for DM-2.
Demographic variables (eg, age, sex, ethnicity) were included as
predictors in the models, allowing the algorithms to account for
potential differences between cases and non-cases. Random
undersampling preserves the overall population distribution,
whereas matching could reduce data variability and model gener-
alizability. In epidemiological studies,” undersampling is also
known as nest case-control sampling and undersampling has been
applied to several other studies.'®?* Because only around 20% of
the non-cases were selected with this undersampling method, we
decided to create five random balanced datasets where each data-
set consisted of a random subset of non-diabetes cases to assess
an average importance ranking. A sixth random undersampled
dataset was used to validate the optimal RF model with the least
number of variables.

Model performance

We used the ranger package to construct the RF models on five
undersampled datasets.?” In these models, the parameters mtry
and minimum size of the terminal nodes were optimized using
the caret package.”® The mtry parameter reflects how many vari-
ables are considered for each decision split and minimum size of
the terminal nodes how many data points there need to be pre-
sent in the terminal node to split further. The number of trees
was fixed at 1000. A 5-fold cross-validation was performed to re-
duce the risk of overfitting and to obtain a more robust perfor-
mance of the RF for each dataset. Furthermore, the receiver
operator curve (ROC) and the area under the curve (AUC) of the
ROC metrics were assessed via the roc package of the final tuned
model.>* The ROC curves were generated using the roc package.
We also performed RF models stratified by type of exposure do-
main (sociodemographic, lifestyle, neighborhood, and environ-
mental), to determine which domain contributed most to the
predictive performance.?*

Variable importance ranking

To investigate which variables were most important to predict
DM-2, we computed variable Importance (VI) scores for each

individual variable via the iml package.?® We used a permutation
approach, which quantifies the decrease in model prediction per-
formance when a given variable is randomly permuted. For each
undersampled dataset the VI procedure was performed in tripli-
cate and the scores were averaged into a single score. This ap-
proach resulted in five average scores from the five undersampled
datasets. Subsequently, we averaged these five scores into a final
importance for the variable. Because the variables selected by the
RF models were relatively similar for men and women, differing
only in order of the same top-ranked variables, we chose to per-
form the RF analyses on the total study population.

Lastly, we performed a RF model to identify which subset of
variables reflect the optimal RF model with the least number of
variables. We only included the top 30 ranked variables, ranked
by their average VI score across the five undersampled datasets,
due to computational reasons. The sixth undersampled dataset
was used to validate the VI ranking by observing the effect of
gradually increasing the number of included variables (based on
the VI order) within a RF models on the AUC. The number of vari-
ables included in the Cox regression analyses was determined by
the flattening of the curve, meaning that the AUC of the selected
subset of variables showed model performance almost equal to
that of the full model. To ensure the inclusion of at least three
exposures from each domain in the Cox regression, we addition-
ally complemented the top three variables from each domain
if needed.

Impact of identified exposures on DM-2 incidence

Cox regression analyses were performed to estimate the hazard
ratios (HR) and 95% confidence intervals (CI) for the association
between the exposures and DM-2 incidence. To assess sex-
specific effects, all Cox regression analyses were stratified by sex.
The proportional hazards assumption was checked using scaled
Schoenfeld residuals. Cox regression models assume a linear re-
lationship between the exposure and the log hazard of the out-
come. Therefore, the following variables were recoded as
categorical variables after the linearity check: household income
(0-20; 20-40; 40-60; 60-80; 80-100 percentiles), physical activity
(sex-specific quartiles), noise road (sex-specific quartiles).
Moreover, glasses of alcohol per week was recoded into three cat-
egories: 0 glasses per week; 0-7 glasses per week, and >7 glasses
per week for both men and women. All selected variables were
only measured at baseline and were therefore time-independent
in the Cox regression analysis. The time scale used in the Cox re-
gression model was calendar years because DM-2 medication
prescription was assessed yearly. Before performing the Cox re-
gression, we verified that the correlations among all included
variables were below 0.7. This criterion was met for all correla-
tions (results not shown). Lastly, to identify interrelation between
the included variables of our Cox regression models, we calcu-
lated partial correlations between either any pair of two indepen-
dent continuous variables or two independent nominal variables
via Spearman and Kendall correlations, conditioning for diabetes
mellitus type 2 status.

Sensitivity analyses

Since especially neighborhood and environmental exposures lev-
els (eg, PM,s) might change when individuals move, we per-
formed a sensitivity analyses in which we censored all
participants who moved during the period of our study. These
participants were censored based on the year they moved.
Furthermore, to account for potential lifestyle changes during
the COVID-19 pandemic, we performed a sensitivity analyses
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excluding the COVID-19 period, restricting the follow up period
to 2013-2019. Lastly, to identify age-specific risk factors, we strat-
ified our analysis by four age groups (younger than 40years,
40-64years, 65-79years and 80years and older). The variable
work was recoded to having a paid job yes/no, because not all
categories are applicable to each age group.

Results

Baseline characteristics

Our study population consisted of 237 644 participants of which
54% were women. Table 1 shows a selection of the included
exposures by sex, with continuous variables summarized as
means and standard deviations (SD) and categorical as percen-
tages (%). Appendix 3 shows the baseline characteristics for all 57
included exposures. In total, 9626 participants developed DM-2
between 2013 and 2022, with more cases in men than in women.

Table 1. Selection of baseline characteristics in 2012 stratified by sex.

In addition, men were more often highly educated, more often
working full-time (>32h/wk) or retired, used more alcohol and
were more often a former smoker than women. Environmental
and neighborhood exposures were comparable between men
and women.

Random forest—receiver operator characteristic
curves (ROC)

Figure 1 shows the ROC of random forest (RF) models predicting
DM-2 status in the total population. ROC curves were plotted for
the separate RF models including all exposures, as well as for the
subsets of sociodemographic, lifestyle, environmental, and neigh-
borhood exposures. Based on the validation dataset, the area un-
der the curve (AUC) value for the RF model including all exposures
(0.76, 95% confidence interval (CI) = [0.76-0.77]) and the AUC of
the RF model including only sociodemographic and lifestyle expo-
sures (0.77, 95% CI = [0.77-0.78]) were similar. The AUC values of

Men (n =108 528) Women (n=129 116)

Mean (SD)/% Mean (SD)/%
Diabetes during follow-up, yes (%) 49 3.3
Sociodemographic and lifestyle
Age (years) 55.0(17.0) 52.4 (17.5)
Education
Primary or less 5.8 6.0
Lower secondary 28.0 34.7
Higher secondary 31.8 30.2
University or higher 34.4 29.1
Household composition, living alone (%) 13.1 18.2
Household income [percentiles 1-100] 62.5(25.2) 59.9 (26.3)
Work
Retired 38.7 22.5
Employment >32 h/week 47.5 20.2
Employment 20-32 h/week 2.9 19.4
Employment 12-20 h/week 1.1 7.5
Employment <12 h/week 0.8 35
On disability benefits 2.7 3.4
Receiving welfare benefits 0.7 0.9
Student 3.0 4.1
Unemployed 2.1 1.9
Housemaker 0.6 16.6
Alcohol user, yes (%) 90.2 80.4
Alcohol consumption (glass/week) 9.8 (10.9) 4.9 (6.6)
Smoking status
Current 17.8 17.0
Former 46.1 34.9
Never 36.1 48.1
Cigarettes consumption (cig/day) 2.2(5.8) 1.8 (5.1)
Physical activity (min/week) 1083.8 (1021) 798.8 (799)
BMI (kg/m?) 25.8 (3.4) 25.1 (4.2)
Loneliness [1-11] 2.5(2.9) 2.5(3.1)
Environmental
PM, s 15.4 (1.5) 15.4 (1.5)
OPdtt 11.8 (2.0) 11.8 (2.0)
Noise road-traffic 50.9 (6.6) 50.9 (6.6)
Surrounding greenness 0.4 (0.1) 0.4 (0.2)
Average distance to hospital 7.3(5.1) 7.2(5.2)
Obesogenic environment [0-100] 19.6 (15.1) 19.4 (15.1)
Neighborhood
Population density in neighborhood 4185.8 (3302.6) 4251.0 (3329.4)
Inhabitants between 15 and 64 in neighborhood 65 5(6.2) 65.5 (6.3)
Non-western immigrants 1(11.8) 9.2 (11.9)
Western immigrants 0 (4.8) 9.1(4.8)
Financial benefits in neighborhood 7O 6(32.3) 70.8 (32.5)
Low-income households (%) 36.6 (12.6) 37.0 (12.6)
Average property value 250.9 (99.3) 250.2 (98.9)
Rental housing 38.6 (18.7) 39.2 (18.9)

Abbreviations: OPdtt, oxidate potential dithiothreitol of particle matter; PM2.5, particle matter; SD, standard deviation.


https://academic.oup.com/exposome/article-lookup/doi/10.1093/exposome/osaf018#supplementary-data

Exposome, 2026, Vol. 6,No.1 | 5

1.00

0.75

Sensitivity
o
w
o

0.25
'{{f/,,/ Exposures
P
i — All exposures
‘,':’ — Environmental
’;‘/ Neighborhood
<7 - = Sociodemographic and lifestyle
0.0
8.00 0.25 0.50 0.75 1.0
1 - Specificity

Figure 1. ROC for the RF models predicting DM-2 in the total population. ROCs are plotted for RF models including all exposures,
only sociodemographic and lifestyle, only neighborhood, and only environmental exposures. The dashed grey line reflects an AUC value of 0.5.

the RF models including only environmental exposures (0.52, 95%
CI = [0.52-0.53]) and only neighborhood exposures (0.52, 95% CI =
[0.51-0.53]) showed low discriminatory ability and were lower than
the AUC value of the RF models including all exposures and socio-
demographic, lifestyle and exposures.

Identifying the most important predictors for
DM-2

Figure 2 shows the average importance ratio of the top 30 expo-
sures in predicting DM-2 status in the total population, based on
the averaged results of the five undersampled datasets. The top
10-ranked exposures all belonged to the sociodemographic and
lifestyle domain, with BMI and age ranked first and second.
Property value in the neighborhood was the highest-ranked
neighborhood-related exposure (position 14), and surrounding
greenness in 100 m buffer (indicating an individuals’ surrounding
green space) was the highest-ranked environment-related expo-
sure (position 11). The ranking of all 57 included exposures can
be found in Appendix 4.

Figure 3 shows the increase in AUC value with an increasing
number of exposures based on the sixth undersampled dataset;
the validation dataset. We selected the top 15-ranked exposures
because additional exposures did not add substantially to the pre-
dictive performance of the model. The top 15-ranked exposures
from the importance ranking of Figure 2 were selected for our Cox

regression models. To ensure the inclusion of at least three expo-
sures from each domain in the Cox regression, “Number of house-
holds in the neighborhood” and “Average income of employed
residents in the neighborhood” were also selected.

Associations of identified exposures and DM-2
incidence

The proportional hazards assumption was not violated
(Appendix 5, Appendix 6). The results of the Cox regression
showed that a higher BMI, a higher age (per 5years), smoking
more cigarettes per day (per 10 cigarettes), and being a former or
current smoker were associated with an increased risk of DM-2
during 10-years of follow-up in both men in women (Figure 4,
Appendix 7). The association of increasing BMI, age and being a
former smoker were stronger in men than in women. Only in
women, higher education (HRs ranging from 0.89, 95% CI = [0.80;
0.98] for lower secondary, to 0.66, 95%CI [0.57; 0.75] for university
or higher) was associated with a decreased risk of DM-2. In men,
work was associated with an increased risk of DM-2, whereas in
women, work was associated with a decreased risk of DM-2.
Being in the highest income group was associated with a de-
creased risk of DM-2 in both men and women. More physical ac-
tivity was associated with a decreased risk of DM-2 for all
quartiles in men and only for the third quartile in women.
Alcohol consumption was associated with a reduced risk of
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Figure 2. Variable importance ranking of the top 30 ranked exposures in the total population. The x-axis shows the importance ratio which reflects the
decrease in model performance when the values of a predictor are randomly permuted. This procedure was performed in triplicate for each of the five
undersampled datasets. The average importance ratio across all five undersampled datasets is shown. Color and shapes reflect the domain of the
exposure. OPesr: oxidative potential electron spin resonance, neigh: neighborhood, PM2.5: Particulate matter 2.5, OPdtt: oxidate potential dithiothreitol
of particle matter, PMabs: Particulate matter absorbance, PMcrs: Particulate matter coarse.

DM-2, with stronger associations in women than in men (eg,
HR=0.65, 95% CI = [0.59; 0.72] >7gl/wk in women and HR=0.72,
95%CI [0.66; 0.78] >7gl/wk in men). Only in men, a lower property
value in the neighborhood, more households in the neighbor-
hood, and a higher average income of employed residents in the
neighborhood were associated with an increased risk of DM-2.
Both sensitivity analyses yielded similar results, except that
some effect estimates increased in magnitude, possibly due to
the shorter follow-up period (Appendix 8 & Appendix 9). Also
across age groups, no large differences were found, except that
among individuals younger than 40, women had a higher risk of
developing type 2 diabetes than men, whereas in the older age
groups, men had a higher risk than women (Appendix 10).

Partial correlation analysis

For the significant variables from the Cox regression in men,
property value with income per employed resident in the neigh-
borhood (0.72) and property value with number of households
(=0.33) had a moderate to high correlation. In women, education
and income (0.28) were moderately correlated. For the other sig-
nificant variables in the Cox regression of both men and women,
we found low partial correlations (Appendix 10).

Discussion

This study adopted an exposome approach by incorporating a
wide variety of exposures from different domains, to identify im-
portant predictors of DM-2 and to subsequently investigate their
associations with 10-year DM-2 incidence. Across a large set of
sociodemographic and lifestyle, environmental, and neighbor-
hood exposures, we found that the most important predictors of
DM-2 belonged to the sociodemographic and lifestyle domain, ie,
BMI, age, and sex. When examining the associations of the most
important exposures with DM-2 incidence, we found that a
higher BMI, higher age, and lifestyle exposures as higher alcohol
use, lower physical activity, and smoking had the strongest asso-
ciations with an increased risk of DM-2 in both men and women.
Moreover, neighborhood exposures as property value in the
neighborhood and average income of employed residents in the
neighborhood were associated with DM-2 only in men, while
higher education was associated with DM-2 only in women.
Sociodemographic and lifestyle exposures, like BMI, age, and
alcohol use were identified as the most important predictors for
DM-2 and showed significant associations with DM-2 incidence
in the Cox regression analyses. While these exposures have been
well-studied previously,>® our study provided a comparative
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Figure 3. Validation plot on the AUC value of first 30 exposures when the number of exposures is increased in the RF models. 5-fold cross-validation
was used to calculate the AUC value and its 95% CI on the sixth undersampled dataset. Variables were added sequentially based on their variable
importance ranking. The horizontal line reflects the AUC of the RF model including all exposures.

ranking of their predictive performance and effect sizes when
exposures from multiple domains are included. The strong
association between BMI and DM-2 in our study is in line with
the close alignment of BMI with internal biological processes rel-
evant to DM-2 development.®>*! Qur finding thus underscores
the association of BMI as major driver for DM-2. In addition, alco-
hol consumption was associated with a reduced risk of DM-2
compared to no alcohol consumption. While moderate alcohol
consumption has shown protective effects for DM-2 in meta-
analyses,”® these findings do not imply that drinking alcohol
should be encouraged.?” An important consideration in studying
the association between alcohol consumption and DM-2 is the
reference group, which is often a heterogeneous mix of lifelong
abstainers as well as former drinkers who quit voluntarily or for
health reasons.’® Unfortunately, we lacked information on the
reasons why individuals stopped drinking alcohol.

None of the environmental exposures (ie, surrounding green-
ness in 100 m, obesogenic environment in 1000 m and road traffic
noise) were associated with DM-2, even though emerging evi-
dence suggests that lower levels of green and higher levels of
road traffic noise are associated with an increased risk of DM-
2.7-%® With regard to road traffic noise, our finding is consistent
.29 As sug-
gested in this previous study, the lack of adjustment for multiple
environmental exposures in some previous studies may have led

with a previous study conducted in the same cohor

to an overestimation of the road traffic noise effect, potentially
explaining the discrepancies in findings.?® Moreover, several al-
ternative explanations should be considered when interpreting
our findings. First, some environmental exposures might be pre-
cursors of an individual’s behavior. The built environment has
been shown to influence DM-2 directly as well as indirectly by
influencing an individual’s behavior.®® Therefore, a healthy
environment might not be strongly associated with DM-2 when
adjusted for lifestyle exposures, but these exposures could be an
encouraging stimulus for a healthy lifestyle.*® Secondly,
environmental exposures were measured only at each individu-
al’s residential address at baseline. Because environmental con-
centrations vary substantially across different locations, this
approach may not accurately capture actual exposure levels.
Therefore, we performed sensitivity analyses in which we cen-
sored participants at the year they moved to account for large
changes in environmental exposures levels. This sensitivity anal-
yses yielded similar results as our main analysis. Lastly, environ-
mental and neighborhood exposures have been shown to exhibit
a more modest effect in complex multivariate models,® suggest-
ing that these exposures lack substantial predictive value, espe-
cially when sociodemographic and lifestyle exposures are
included. Our results do therefore not imply that environmental
and neighborhood exposures not included in the Cox regression,
are not associated with DM-2 incidence.* For example, although
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Figure 4. Forest plot of the hazard ratios (HRs) and 95% confidence intervals (Cls) for the association between the selected exposures by RF and DM-2
incidence. Results are shown separately for women (n = 129 116, pink circles) and men (n = 108 528, blue squares). Ref: reference group. Neigh.:
neighborhood. Physical activity Q1: men <360 min/week, women <240 min/week, Q2: men 360-750 min/week, women 240-540 min/week, Q3: men
750-1500 min/week, women 540-1080 min/week, Q4: men >1500, women >1080 min/week. Road noise Q1: men <46.3 dB, women <46.3 dB, Q2: men
46.3-50.1dB, women 46.3-50.1dB, Q3: 50.1, 54.8 dB, women 50.1-54.9 dB, Q4: men >54.8 dB, women >54.9dB.

our results showed that number of households did not have a
high predictive value for DM-2, it did have a statistically signifi-
cant association with DM-2 risk in men. Nevertheless, by evaluat-
ing a wide variety of exposures simultaneously, our study
suggests that sociodemographic and lifestyle-related exposures
have stronger predictive values and associations with DM-2 risk
than environmental or neighborhood exposures.

This study also highlighted that effect sizes of some exposures
differed between men and women. First, the effect size of age
was stronger in men than in women. This finding is in line with
previous research that showed that men are on average

diagnosed with DM-2 at a younger age than women.?? Secondly,
higher education and working had a protective effect on DM-2 in-
cidence in women, but not in men. The protective association be-
tween education and DM-2 risk in women has also been found
previously.’>3*3* However, research investigating the mecha-
nisms behind this association is lacking.*® Third, higher physical
activity was associated with a decreased risk across all quartiles
in men, but only in the third quartile among women. In our
study, physical activity included both leisure time as well as oc-
cupational time physical activity. In a past study that also in-
cluded occupational time in physical activity, it has been
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suggested that including this type of physical activity gave a
more reduced risk in men than in women, which is in line with
our results.* This discrepancy might be explained because men
are more likely to perform physically demanding tasks, even
within the same occupations as women, possibly due to differen-
ces in physical strength.®® Moreover, in a past study, it has been
shown that men have more sedentary behavior than women
across the day, but when men are physically active, the intensity
of their activity is higher. In contrast, women are moderately ac-
tive across the whole day. As a result, men might accumulate a
higher total amount of metabolic equivalents (METs) than
women.?” Fourth, only in men, a lower property value, higher
number of households, and higher average income of employed
residents in neighborhood were associated with higher risk of
DM-2. A lower average property value in the neighborhood was
also associated with risk of DM-2 in previous studies, however
these results were not stratified by sex.®*® The difference in aver-
age income of employed residents is in line with previous re-
search that also showed stronger effects of this exposure in men
than in women.** Nevertheless, because studies investigating
sex-stratified associations between neighborhood and environ-
mental exposures and DM-2 incidence are still limited, we rec-
ommend future studies to stratify their analyses by sex as these
exposures might differently impact men and women'’s risk on
DM-2 and these effects extend beyond sociodemographic and
lifestyle exposures.

A strength of this study was the large sample size. Therefore
we were able to stratify by sex and include a wide variety of expo-
sures from different domains. In addition, because we used an
external database providing yearly medication prescription to de-
termine DM-2 incidence, we had complete follow-up data for all
participants. Nevertheless, several limitations need to be ac-
knowledged. First, based on medication prescription it could not
be determined if an individual suffered from diabetes mellitus
type 1 or type 2. However, as mentioned, because our study pop-
ulation was aged 18years and older, it could be assumed that the
large majority of incident diabetes cases will be type 2.*
Nevertheless, type 1 diabetes or other forms of diabetes may still
occur among individuals in our study. Secondly, by design, this
study population consists of an oversampling of individuals aged
64years and older. Because most individuals suffering from
DM-2 receive their diagnosis between ages 45-64years,*® our
incidence rates might have been lower. However, this type of se-
lection bias might have led to an underestimation of our associa-
tions. Moreover, all exposures were measured only at baseline,
limiting our ability to assess potential changes in exposure over
time.*! The effect sizes, of particularly lifestyle, exposures in our
main model may therefore have been attenuated due to changes
in participants’ lifestyle behaviors over time.

In conclusion, in this study which included a wide range of
exposures from different domains, BMI, age, and lifestyle expo-
sures showed the strongest associations with DM-2 incidence.
While these exposures are widely recognized risk factors for DM-
2, our findings substantiate that sociodemographic and lifestyle
exposures are important targets for DM-2 prevention and outper-
form neighborhood and environmental exposures. In addition,
we observed sex-specific associations; neighborhood exposures
were associated with DM-2 incidence only in men, while educa-
tion was associated with DM-2 incidence only in women. These
findings highlight the importance of using a sex-stratified

approach in future research to better understand how risk fac-
tors for DM-2 incidence differ between men and women.
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